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The problem we are solving. Explainable Features
“*features understood by analysing dependency graph
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3. Experiments Expensive to train and use 2 Theoretical Results e ol
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+ Feature vectors @nostic to downstream model
+ Fast to train (up_to 900x faster than GNNs) + generate Poor generalisation
+ Few parameters (up to 600x fewer than GNNSs)
+ State-of-the-art expressivity (see 2.)

+ Explainable features
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